Soil organic carbon (SOC) is an indicator of ecosystem quality and plays a major role in the biogeochemical cycles of major nutrients and water. Shortcomings exist to estimate SOC across large regions using rapid and cheap soil sensing approaches. Our objective was to estimate SOC in 7120 mineral and organic soil horizons in Florida using visible/near-infrared diff use refl ectance spectroscopy (VNIRS) calibrated by committee trees and partial least squares regression (PLSR). Th e derived VNIRS models were validated using independent datasets and explained up to 71 and 38% of the variance of SOC in mineral and organic horizons, respectively. We stratifi ed the mineral horizons into seven soil orders and derived PLSR models for each order, which explained from 32% (Histosols) to 75% (Ultisols) of the variance of SOC concentration in validation mode. Estimates of SOC from all models were highly scattered along the regression lines, especially for high SOC values, and the slopes of the regression lines were generally <1 because VNIRS models tended to underestimate high SOC values and overestimate low SOC. Despite the great scatter of estimates in the prediction plots, VNIRS models had reasonable explanatory power for mineral horizons, given the heterogeneity of soils and environmental conditions in Florida, and have potential for the rapid assessment of SOC, with implications for regional SOC assessments, modeling, and monitoring. However, VNIRS models for organic horizons were hampered by small sample size and had very limited explanatory power.
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Spectroscopic Models of Soil Organic Carbon in Florida, USA
Gustavo M. Vasques, Sabine Grunwald,* and Willie G. Harris University of Florida S oils are a valuable resource for the production of food, fi ber, and energy to support people and sustain life at all levels of terrestrial systems and play a major role in the biogeochemical cycle of principal nutrient elements (e.g., carbon, nitrogen, and phosphorus) and water (Lal et al., 1998; Jacobson et al., 2000) . Carbon (C), being part of organisms and soil organic matter (SOM), directly infl uences the physical, chemical, and biological properties and processes in the soil. Carbon enhances soil quality through the regulation of nutrients and toxic substances, the storage of water, the stabilization of soil aggregates and structure, and the regulation of microbial activity, ultimately aff ecting the biodiversity and sustainability of whole ecosystems (Kay, 1998; Ernst, 2004) .
Globally, soils store about 3150 Pg (petagrams) of C, including wetlands and permafrost, which is about fi ve times the biotic pool (650 Pg) and four times the atmospheric pool (777 Pg) (Field et al., 2007) . Soils have been identifi ed as a potential reservoir to sequester atmospheric CO 2 and mitigate global warming (Follett et al., 2000; Smith and Heath, 2004) . However, in Florida soils, information about the quantity and quality of C is sparse because research has usually focused on specifi c ecotypes, land uses, and soil classes (e.g., orders) occurring within specifi c geographic domains. Th us, at the landscape and regional scales, there are knowledge gaps about the amount of soil C and the infl uence of diverse environmental conditions on its spatial distribution.
Usually a large number of samples is needed for an accurate assessment of the spatial and temporal variability of soil organic C (SOC). Conventional laboratory analysis is time consuming and expensive and thus limits the degree to which SOC spatial and temporal patterns can be characterized. Th is has created a "data crisis" in which lack of information is the major constraint for monitoring SOC across larger landscapes. Because of this, visible/near-infrared diff use refl ectance spectroscopy (VNIRS) has gained much attention in recent years as a relatively cheap and rapid technique to estimate various soil properties, including SOC (e.g., Dunn et al., 2002; Shepherd and Walsh, 2002; Brown et al., 2005; Brown et al., 2006; Vasques et al., 2008; Vasques et al., 2009 ).
Visible/near-infrared spectroscopy off ers some advantages over conventional laboratory methods, including less sample preparation, no use of chemical reagents, nondestructiveness, and the potential to estimate various soil properties simultaneously. Furthermore, VNIRS can potentially be combined with other proximal (i.e., in situ [e.g., Lahoche et al., 2003; Adamchuk et al., 2004] ) and remote sensors (e.g., Robson et al., 2004) to produce data to support assessment and monitoring of soil properties at the fi eld to continental scales.
For VNIRS to be effi ciently used to estimate soil properties, it is necessary to calibrate models that are specifi c for every soil property within a given geographic range of interest. In other words, estimation of a soil property at a new location requires calibration of a custom VNIRS model at that location. Th erefore, VNIRS depends on conventional laboratory soil analysis to provide baseline data. Th is greatly aff ects the time and cost of VNIRS estimation of soil properties, constraining the adoption of VNIRS in preference of conventional laboratory methods. Th e development of soil spectral libraries covering large geographic domains (so-called regional or global spectral libraries) has been proposed to address these constraints. Compared with local soil spectral libraries, regional and global libraries include a relatively wider variety of soils that comprise a wider range of soil attribute values. Because of this, regional and global libraries may not perform as well as local libraries that are customized for a specifi c geographic and soil attribute domain. Our ability to defi ne geographic and soil attribute boundaries for VNIRS modeling using spectral libraries is still limited.
We have estimated SOC fractions (Vasques et al., 2009 ) and soil total C (0.02-26.90%) at diff erent depths (Vasques et al., 2008) in a north-central Florida watershed using VNIRS and proved that good-quality (R 2 = 0.86 for validation of total C) VNIRS models can be derived even with small sample sizes (102 observations were used to calibrate the models in Vasques et al. [2009] ). However, the derived VNIRS models a priori are only valid for similar soils under similar conditions (Brown et al., 2005) , thus limiting the use of the derived models for more variable soils and environments.
Regional and global soil spectral libraries have been proposed, for example, by Shepherd and Walsh (2002) , who used multivariate adaptive regression splines to estimate various properties of African soils. Th eir VNIRS model for SOC (0.23-5.58%) was derived using samples collected from multiple countries and explained 91% of the SOC variance in the calibration set (674 samples) and 80% of the SOC variance in the validation set (337 samples). Brown et al. (2006) constructed a global soil spectral library containing 4184 soil samples collected from the United States (3768 samples), Africa (125 samples), Asia (104 samples), the Americas (75 samples), and Europe (112 samples) to estimate various soil properties. Th eir VNIRS model derived using boosted regression trees explained 82% of the variance of SOC (3793 samples; 0.00-24.16%) using sixfold cross validation.
Th ere is no such spectral library encompassing the subtropical soil landscape in Florida (~150,000 km 2 ). At the same time, there is a need to evaluate the potential effi cacy of VNIRS in regions dominated by sandy or organic soils, which is the case in Florida. Th e availability of a large dataset with thousands of samples for Florida provides an opportunity for such an assessment, with the ultimate goal that successful VNIRS modeling could enable suffi ciently accurate and effi cient assessment of SOC over similar regions.
Florida represents a mix of distinct environmental conditions, including vast areas of wetlands (28% of the state; e.g., the Everglades) and C-rich subsoils (i.e., Spodosols; 32% of the state), complex geology, diverse plant communities, and diverse land uses, including agroecosystems, natural and planted forests, conservation areas, and urban areas. Florida soils vary from very sandy, highly permeable Entisols to constantly saturated Histosols, with Ultisols, Alfi sols, and Spodosols lying between these two extremes. Th ere is uncertainty, given this diversity, about the range of soils that could be evaluated for SOC using the same VNIRS model. Th is study addresses that uncertainty by evaluating the advantages of stratifying soil populations based on two criteria: (i) mineral versus organic horizons and (ii) soil order.
Our objectives were (i) to build a comprehensive spectral library covering the attribute space of soils found in the whole state of Florida; (ii) to derive a robust VNIRS model of SOC, including mineral and organic soils found in the state; (iii) to compare multivariate methods and soil population stratifi cation criteria to derive VNIRS models for SOC; and (iv) to validate all derived VNIRS SOC models using independent samples. Given the great number of observations in our database, we expected that nonparametric calibration methods would provide better estimates relative to the parametric method tested.
Materials and Methods

Study Area
Florida is about 150,000 km 2 and is located mainly in the subtropical climatic zone between latitudes 24.55 and 31.00 N and longitudes 80.03 and 87.63 W (Fig. 1) . Mean annual precipitation is 1373 mm, and the mean annual temperature is 22.3°C (National Climatic Data Center, 2008 (Fig. 1) . Land use and land cover consist mainly of wetlands (28%), pinelands (18%), and urban and barren lands (15%). Agriculture, rangelands, and improved pasture occupy 9, 9, and 8% of Florida, respectively (Florida Fish and Wildlife Conservation Commission, 2003) .
Th e topography consists of gentle slopes varying from 0 to 5% in almost the whole state, with moderate slopes of 5 to 19% occurring in <1% of the state, along an escarpment in north-central Florida (i.e., the Cody Scarp) and in the Florida Panhandle (the northwestern portion of the state). Elevation ranges from sea level to approximately 114 m in the Panhandle (USGS, 1984) . Most soils in the central to northern regions in Florida form in sandy and loamy sediments. Soils in the south of the state (i.e., close to the Everglades) are formed mainly in sapric organic materials or secondary carbonates (marl) overlying shallow limestone bedrock.
Field and Laboratory Measurements
Field sampling was conducted from 1965 to 1996 as part of the Florida Soil Characterization project (Florida Soil Characterization Database, 2009) , conducted jointly by the University of Florida Soil and Water Science Department and the Natural Resources Conservation Service, USDA. Soil information retrieved from archived documents pertaining to 1288 soil profi les throughout Florida was digitized into a spreadsheet and contained data for 8269 soil horizons, including taxonomic description and detailed physical and chemical characterization. Of the 8269 horizons, 7716 had SOC measurements, belonging to 1252 soil profi les.
Th e original sampling design was established at each county separately to represent local soil patterns. Sampling locations were chosen ad hoc by soil survey crews based on representativeness of the soils being delineated, with the help of aerial photographs and supporting county and state maps. Th e site geographic locations (x and y coordinates) recovered from the soil archive were geo-referenced based on available geographic information provided by personnel who described the soils, Public Land Survey System, and sampling sites identifi ed on orthophotos (Florida Soil Characterization Database, 2009) . Of the total 1252 soil profi les with SOC measurements, geographic coordinates could be recovered for 1229 locations (Fig. 1) .
At each site, soils were routinely described and sampled by horizon to 2 m or more. Samples were analyzed chemically, physically, and mineralogically for classifi cation and interpretive purposes. Th is study focused solely on SOC measurements. Aliquots of soil samples were stored for future reference in an archive maintained by the Soil and Water Science Department of the University of Florida.
In the laboratory, SOC was measured using the Walkley-Black modifi ed acid-dichromate method (Walkley and Black, 1934; Natural Resources Conservation Service, 1996) for fi eld-designated mineral soil horizons (i.e., A, B, C, and E master horizons). Soil organic C for fi eld-designated organic horizons (i.e., O master horizons) was determined by fi rst measuring SOM by loss-on-ignition (LOI) and then calculating SOC by multiplying SOM by the van Bemmelen factor (0.58) (Natural Resources Conservation Service, 1996) . Th e rationale for the analytical distinction was that the very high SOC content of organic horizons would exceed the range specifi ed for the Walkley-Black method.
We reanalyzed 17 samples from organic horizons using LOI and found no signifi cant decrease in SOC during the time the samples were stored. In mineral horizons, the SOC concentration is very small. Th us, even if there was a decrease in SOC during storage, it would be so small that it could be confounded with measurement error.
Soil Scanning and Data Preparation
Before scanning, we sieved the samples through a 2-mm mesh and oven-dried them for 12 h at 40 to 45°C to standardize moisture. Soil samples were placed inside 5-cm-diameter Petri dishes with enough material to cover the bottom of the dish and illuminated inside a black chamber using a white halogen bulb. Each soil sample was scanned in the visible/nearinfrared (VNIR) spectral region (350-2500 nm) four times; with each scan, the Petri dish was rotated 90°. An average spectral curve was calculated for each sample based on the four replicate scans and was further processed to be used as input for model development. Reference measurements of white Spectralon (LabSphere, North Sutton, NH) were collected before the fi rst scan and at every 25 samples (100 scans). We used a QualitySpec Pro spectroradiometer (Analytical Spectral Devices, Inc., Boulder, CO) to measure soil refl ectance at 1-nm intervals, based on the average of 10 internal readings per wavelength.
Th e collected soil spectral curves, composed of 2151 refl ectance measurements, were smoothed by a Savitzky-Golay third-order polynomial across a moving window of nine bands (Savitzky and Golay, 1964) and then averaged across a 10-nm window to reduce dimensionality by a factor of 10. SavitzkyGolay fi rst derivatives (Savitzky and Golay, 1964) were calculated on the resulting soil spectra (with 214 refl ectance measurements) using a fi rst-order polynomial across a nineband window. Th e fi rst derivative curves containing 206 refl ectance bands were used for VNIRS modeling. We recovered and scanned 7120 soil samples (from 1172 soil profi les) from the stored soil archive out of the 7716 samples (1252 profi les) containing SOC values in the database. We stratifi ed the 1252 soil profi les by soil taxonomic order and then randomly split samples within each soil order into calibration (~70% of the profi les) and validation subsets (~30%). Th ese separation criteria avoided correlations between calibration and validation samples, assured a balanced representation of diff erent types of soils in both subsets, and provided an independent validation dataset. After separation, calibration and validation sets were compared using Student's t test for equal means and Levene's F test for equal variances (Levene, 1960) to assure unbiasedness in their random assignments. In total, there were 4761 calibration and 2359 validation samples, respectively.
Multivariate Calibration
We compared three methods to derive VNIRS models of SOC: partial least-squares regression (PLSR) (Martens and Naes, 1989) because it is a standard method to analyze VNIR spectral data, and two variations of committee trees (CT), using bagging predictors (BAG) (Breiman, 1996) and ARCing classifi ers (ARC) (Breiman, 1998) , respectively. Tree-based data mining methods are powerful to extract complex, nonlinear relationships in large datasets of thousands of samples.
In BAG, an aggregated predictor was obtained by the combination of 100 traditional classifi cation and regression trees (Breiman et al., 1984) . Each individual regression tree was obtained by binary recursive partitioning of the SOC dataset into more homogeneous subsets, with SOC estimates derived at the terminal nodes of the tree. A maximum of three samples was redrawn for every consecutive tree in the committee. Tenfold cross-validation was implemented to prune the trees aiming to minimize the sum of squared residuals.
ARCing stands for "adaptive resampling and combining" and follows the same principles of BAG with the diff erence that, instead of redrawing samples at random from the dataset for growing every consecutive regression tree, ARCing preferably redraws samples that were poorly estimated by the previous tree, aiming to increase the overall estimation accuracy of the CT (Breiman, 1998) . Similar to BAG, ARC was implemented as a combination of 100 regression trees, with an exponent of 4.0, and used tenfold cross-validation and a maximum number of sample redraws of three. Partial least squares regression used tenfold cross-validation, and the number of partial least squares (PLS) factors was chosen to minimize the root mean square error of cross-validation (RMSE cv ). Committee trees were implemented in CART 5.0 (Salford Systems, San Diego, CA), and PLSR was implemented in Unscrambler 9.5 (CAMO Technologies Inc., Woodbridge, NJ).
Th e frequency distribution of SOC was positively skewed; therefore, we applied natural logarithm transformation to normalize the data for model development using PLSR. Estimated SOC from PLSR was back-transformed to original units (%) to assess model quality. Th e CT methods are nonparametric and do not assume an approximate Gaussian distribution of the target variable; therefore, we used SOC in the original units to derive both CT models.
One of our objectives was to derive a VNIRS model for SOC using the whole population of soils, including mineral and organic horizons. We derived this model for the whole population (7120 observations: 4761 for calibration and 2359 for validation) using the three methods: CT/BAG, CT/ ARC, and PLSR.
Because of the great diversity of soils encompassed by the Florida Soil Characterization database, another objective was to test diff erent stratifi cation criteria to improve SOC estimates. First, we stratifi ed the dataset into mineral (6982 observations: 4676 for calibration and 2306 for validation) and organic (138 observations: 85 for calibration and 53 for validation) horizons to refl ect their distinct characteristics and the diff erent laboratory methods used to measure SOC. Predictive models were derived by PLSR and CT (BAG and ARC) using mineral and organic horizons separately. To avoid extrapolation of the VNIRS model during model validation, we removed samples from the validation set that were outside the range of SOC values of the calibration set for mineral and organic horizons, respectively. By doing this, the number of validation samples for organic horizons was reduced from 53 to 50 samples. Th e number of validation samples for mineral horizons was not reduced.
Th e Florida Soil Characterization project determined SOC diff erently for fi eld-designated organic horizons (via LOI) than for mineral horizons (via Walkley-Black) based on soil surveyors' judgment in the fi eld (compare the "Field and Laboratory Measurements" section above). We adhered to the fi eld-designated "organic" versus "mineral" distinction rather than a separation strictly based on the USDA Soil Taxonomy threshold for organic soil material (12% + 0.1 × clay content in %) to avoid statistical issues arising from mixing SOC data determined by diff erent methods. Nonetheless, there was only slight deviation from the USDA threshold taking this approach.
We evaluated the eff ect of including taxonomic information (soil order) in VNIRS models of SOC. Only mineral horizons were considered for this analysis because organic horizons were almost exclusively found in Histosols. According to the calibration method used, diff erent approaches were applied to integrate soil taxonomy (i.e., soil order) into the modeling framework. In PLSR, the dataset was stratifi ed by soil order, and a separate model was derived for each order (seven in total). In the CT methods, we included a categorical variable representing soil orders and derived only one model for the whole population of mineral horizons.
Our database included eight soil orders, namely (with the respective number of soil profi les in parentheses): Alfi sols (210), Entisols (281), Histosols (54), Inceptisols (40), Mollisols (42), Spodosols (295), Ultisols (320), and Vertisols (2). Another eight profi les did not have taxonomic data. Th ese eight profi les and the two Vertisols had 49 mineral horizons that were eliminated from the dataset, leaving a total of 6933 observations (4639 for calibration and 2294 for validation).
To test the homogeneity between the groups formed by the two stratifi cation schemes, we used Levene's F test (Levene, 1960) to check for homogeneous variances and Welch's ANOVA (Welch, 1951) to test the eff ect of soil order on the variance of SOC. We further identifi ed signifi cant diff erences of SOC among soil orders using Dunnett's T3 post hoc test (Dunnett, 1980) . Log-transformed SOC (logSOC) was used to perform the comparisons.
We assessed the quality of the models using R 2 (Eq. (Williams, 1987) . We also decomposed the mean square error (MSE = RMSE 2 ) into three additive components (Gauch et al., 2003) ( )
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Results and Discussion
Descriptive Statistics
Soil organic C in Florida was highly variable (range, 0.01-57.54%; mean, 1.29%; median, 0.22%) ( Table 1) . Th e majority of samples had low SOC concentration, whereas relatively few organic samples had very high SOC. Th us, the frequency distribution of SOC was highly skewed (skewness, 7.69). Logarithmic transformation brought the distribution closer to normal (skewness, 0.69) with the log-transformed mean (−1.28 log%) closer to the log-transformed median (−1.51 log%).
Soil organic C in mineral horizons ranged from 0.01 to 14.70% (mean, 0.63%; median, 0.22%) ( Table 1) . In organic horizons, SOC ranged from 13.52 to 57.54% (mean; 35.32%; median, 37.15%). Th ere was some overlap of SOC concentrations between mineral and organic horizons due to the fact that the classifi cation of the horizon was done in situ before laboratory analysis based on morphological and landscape indications of whether the soil was expected to be organic or not. Organic horizons had signifi cantly higher variance compared with mineral horizons (Levene's F test, p ~ 0), which could be an artifact of their smaller sample size given that their absolute SOC concentrations are considerably higher than those in mineral horizons.
Stratifi cation of mineral horizons by soil order produced heterogeneous groups, with the variance of logSOC among soil orders signifi cantly unequal (Levene's F test, p ~ 0). Welch's ANOVA was signifi cant (p ~ 0), indicating that soil orders explained in part the variance of logSOC. We confi rmed this fi nding using the post hoc Dunnett's T3 test (p < 0.05), which identifi ed the following groups, in decreasing order of mean logSOC: Histosols ~ Mollisols ~ Inceptisols ~ Spodosols > Alfi sols > Entisols ~ Ultisols.
Log-transformed calibration and validation sets based on the whole sample (7120 observations) had equal variances (Levene's F test, p = 0.08) and equal means (Student's t test p = 0.45) at the 95% confi dence level.
Performance of the Diff erent Multivariate Calibration Methods
Th e CT method using ARC had slightly higher R v 2 than BAG for mineral horizons but slightly worse results for the whole dataset (Table 2) . For organic horizons, ARC and BAG had the same R v 2 . Th e RMSE v and RPD confi rmed the relative quality of the models obtained by the R v 2 . In both CT methods, mineral horizons were estimated with much higher R v 2 and RPD than organic horizons.
With respect to model validation, LC was the most important source of error in the estimation of SOC in BAG and ARC models. Lack of correlation represents the dispersion of the estimated values around the regression line obtained by least squares fi tting of estimated values as a function of observed values. In other words, it expresses how scattered the estimates are relative to the regression line. In this aspect, it is similar to the R 2 . Th e dispersion was more pronounced for organic than mineral horizons (Fig. 2) .
Th e other sources of error in model validation were NU and SB, which were relatively more or less important depending on the method and stratum (Table 2 ). All CT models showed a trend of overestimating small SOC values and underestimating large SOC values. Th is rotated the regression line in relation to the 1:1 correlation line, causing the NU. Th is trend can be partially explained by the fact that SOC estimates are averages of the samples that are grouped in the terminal nodes; thus, the minimum and maximum estimated values are always closer to the center of the distribution than the observed values. Squared bias relates to the translation of the regression line in relation to the 1:1 correlation line and was more important for organic than mineral horizons.
In comparison, the PLSR models of SOC had generally worse explanatory power (R v 2 ) than CT, except for organic horizons (Table 3) . Th e RMSE v was about twice and the RPD about half of the values obtained for CT using the whole soil population. Th e relative contribution of LC in the total MSE was still the highest among the three MSE components, but the percent of MSE due to LC was slightly smaller in PLSR compared with CT models. Based on these results, our expectation that nonparametric data mining calibration methods (CT) would outperform PLSR was met, except of organic horizons. Th is corroborates the results of Shepherd and Walsh (2002) and Brown et al. (2006) , who obtained better SOC estimates using nonparametric methods when tested against PLSR. Back-transformation of logSOC estimates to original units reduced the quality of the PLSR models to the extent that some SOC values, especially those at the extremes of the population, were greatly under-or overestimated (Fig. 3) . Th ese unreliable estimates hinder the widespread applicability of the PLSR models, especially when the focus is on estimating very high or very low SOC values. Modeling of positively skewed data is still challenging because there is no defi nite alternative to logarithm for normalizing data for use in parametric regression methods. For reference, the error statistics of the PLSR models calculated using logSOC units (before back-transformation) are presented in Table 4 .
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Th e only VNIRS models with RPD > 2 were the ones derived for the whole dataset using CT. However, these CT models presented a lot of dispersion around the regression line, and we suspect that their R v 2 values were improved by a leverage introduced in the regression line by the organic horizons that contain much higher SOC. All other models had RPD < 2, which indicates that there is potential for improvement of the models. To confront this problem, we tested the inclusion of soil order as a categorical predictor in the CT models of SOC for mineral horizons, and in PLSR we stratifi ed the mineral horizons by soil order and derived separate models for each order. Th e results are discussed in the next section.
Considering the great range of SOC concentrations in Florida, the results obtained by CT for the whole dataset and mineral horizons have comparable R v 2 values to other VNIRS studies of SOC and SOM (e.g., Dunn et al., 2002; Kooistra et al., 2003; Udelhoven et al., 2003; Viscarra Rossel et al., 2006) . Soil organic C models produced in this study have lower estimation quality in spite of the considerably larger number of samples when compared with models developed for a large watershed nested within Florida (Vasques et al., 2008) , meaning that the global (more comprehensive) soil dataset performed not as well as the local (smaller) soil dataset. Th is suggests that VNIRS models of SOC in Florida have a limited geographic scope that might only be overcome if certain requirements are met, such as the number of observations, representativeness of the samples, method of laboratory SOC analysis, and other conditions that were not achieved in this study. Merging global and local samples to improve VNIRS models has been done successfully by Brown (2007) and Sankey et al. (2008) , who combined a global VNIR dataset (3794 SOC observations) with a local Ugandan dataset (377 SOC observations) and three local Montana datasets (52, 54, and 225 SOC observations), respectively.
Nevertheless, assuming that soil conditions did not change signifi cantly since the soil samples used in this study were collected, we are able to estimate SOC for mineral soils within the state of Florida with some level of reliability (ARC RPD = 1.82) by measuring their refl ectance. At this point, however, SOC models for organic horizons did not perform well. Th is may be explained by the small number of organic horizons in the database relative to their great range and also by the fact that organic soils are very dark and absorb most of the incident light in the VNIR region (spectra not shown), limiting the predictive power of VNIRS.
Eff ect of the Inclusion of Soil Order Data or Stratifi cation by Soil Order
In CT, inclusion of the soil order variable as a predictor in the SOC models slightly reduced the quality of the models relative to the original models containing only refl ectance data (Table 2) . It was shown using Welch's ANOVA that SOC changes in relation to soil order. Th is is not surprising for some of the orders whose defi nition include SOC as a criterion (e.g., Histosols). However, it seems that the variance of SOC that would be otherwise explained by soil order was already explained by VNIR refl ectance data. Soil refl ectance depends on the characteristics of the soil (e.g., texture, SOM content, mineralogy), which in turn may defi ne the taxonomic classifi cation of the soil; thus, inclusion of taxonomic Table 3 . Summary statistics for the spectral models of log-transformed soil organic carbon produced by partial least squares regression and backtransformed to original units. information (i.e., soil order) as a predictor apparently only added redundant information to explain SOC variation. In eff ect, soil refl ectance alone estimated SOC in mineral horizons with a higher R v 2 (0.71) than with the addition of soil order (0.67) based on ARC.
Stratum
PLS † factors
Stratifi cation of mineral horizons by soil order improved the R v 2 of PLSR models for all soil orders except Histosols relative to the model for mineral horizons (Table 3) . Based on the R v 2 and RPD, the quality of the PLSR models decreased in the following order: Ultisols > Mollisols > Alfi sols > Spodosols > Entisols > Inceptisols > Histosols. Only Ultisols had a RPD close to 2, but we suspect that this was an artifact of the random selection of the validation set because the R c 2 (0.47) was considerably smaller than the R v 2 (0.75), which is very unusual. Overall, the number of PLS factors did not relate to the quality of the models, nor did SOC concentration. However, the model for Histosols had a comparable R c 2 and R v 2 as the model for organic horizons (Table 3) , even though only mineral horizons were included in the stratifi ed Histosols model. Th us, in this case (and probably in the case of Inceptisols), high SOC concentration may have masked the correlation between soil spectra and SOC. To a lesser extent, the number of observations was positively related to the quality of the SOC models, with the exception of Mollisols, where the high SOC concentration and the type of SOM would better explain the high R v 2 of the model.
Stratifi cation of mineral horizons by soil order produced more homogenous groups (Table 1) , which improved the quality of PLSR VNIRS models. In other words, the very stratifi cation of soils with similar pedological characteristics explained a portion of the variation of SOC when soils of similar spectral behavior were grouped and analyzed together. For the cases when the RPD did not improve with stratifi cation (Histosols and Inceptisols), it is possible that high SOC concentrations aff ected the relationship between SOC and VNIR spectra. Also, it may be that the portion of the variance that would otherwise be explained by the soil order had already been explained by the soil refl ectance in the VNIRS model.
Our results highlight the issue that sometimes taxonomic domain boundaries coincide well with soil properties, whereas in other cases they do not. In essence, besides SOC, other soil properties (e.g., texture, pH, moisture, etc.) are used to distinguish between soil orders and classes, and their interaction with SOC can degrade or improve VNIRS-based estimation models. Brown et al. (2006) , for example, improved the VNIRS model of SOC by including sand content as a predictor variable.
Explanatory Wavelengths for Soil Organic Carbon
We identifi ed the most important wavelengths for the PLSR models, including the whole dataset and mineral and organic horizons, by their regression coeffi cients (Fig. 4) . Overall, important wavelengths in the PLSR models were in the regions of absorption features of water and main chemical groups found in SOM, including C-H, O-H, C-O, C-N, N-H, and S-H, but also in the visible wavelengths, indicating the presence of chromophorous groups related to SOC (Fig. 4) (Goddu and Delker, 1960; Gaff ey et al., 1993) . Th e PLSR model for mineral horizons resembled that of the whole dataset. In the three PLSR models shown in Fig. 4 , the strongest regression coeffi cients concentrated around 500 (green light), 700 (red light), 1400 (C-H, O-H, N-H, water), and 1800 to 2400 nm (all cited chemical groups). For mineral horizons, strong coefficients also appeared close to 1600 nm (C-H, O-H); for organic soils, strong coeffi cients appeared close to 400 nm (blue light).
Sandy soils are the most predominant in Florida (e.g., Quartzipsamments), and soil horizons in our database had a mean sand content of 84.8%. Th erefore, it is tempting to presume that sand particles are mainly responsible for the VNIR spectra of most soils. However, quartz has no diagnostic spectral features in the VNIR range (Clark, 1995) ; therefore, it is more probable that sand particles (mostly quartz in Florida) act like a blank template, diluting other components that control the refl ectance of the soil. Th erefore, we speculate that, for most of the soils in Florida, the predictive ability of the VNIRS models depends on the degree of the association between SOC and sand particles because the clay-SOC relationship is somewhat masked by the overwhelming sand content of these soils.
Th is is not unrealistic to assume because of the notable amount of coated sands in Florida soils associated with clay-sized, hydroxy-interlayered minerals (Harris et al., 1987) .
Conclusions
Our fi ndings support the potential of a statewide soil spectral library to estimate SOC but also indicate constraints and identify some possibilities to improve the models. Based on PLSR, the addition of soil taxonomic data improved the VNIRS SOC models in most of the cases (i.e., for most soil orders). Th is represents a good strategy to improve VNIRS models using soil legacy data but has the drawback that soil taxonomic information is not always available in soil databases.
Given the great diversity of soils and ecosystems in Florida, it is encouraging to produce VNIRS models that explain up to 71% of the variance of SOC in mineral soils and up to 75% of the variance of SOC in selected soil orders. Th ese R v 2 suggest that VNIRS modeling has the potential to ultimately provide a level of accuracy in mineral soils that would suffi ce for applications in conservation, land management, and general ecosystem assessments. However, statewide VNIRS models were not as successful in estimating SOC as the one derived within a Florida watershed (Vasques et al., 2008) , despite the greater number of observations for the former. Th is suggests that expanding geographic domains for VNIRS SOC models might reduce their quality, in particular if much geographicinduced soil variation is added into the model. Th is also points in the direction that a geographic stratifi cation could be more promising than a stratifi cation based only on taxonomy. Soil organic C models for organic horizons had limited explanatory power (R v 2 < 0.38), which would aff ect their estimations throughout the state because organic soils are prominent and store a vast amount of SOC. Th erefore, we recommend collecting more data, mainly in organic soils, to improve our current VNIRS models of SOC. Th e soil spectral library already contains 7120 samples (138 from organic horizons), which were used in this study, but can easily be augmented as data from new sampling blend in, making estimation models of SOC more robust within the state. However, there is no guarantee of improvement of the models for organic soils because the spectral curves of these naturally dark soils have a fl atter shape with less conspicuous features than mineral soils.
Th ere is also the potential to improve SOC models by inclusion of other readily available data (e.g., soil texture, sum of bases) or easily measurable properties (e.g., pH, bulk density). However, this may reduce widespread applications of VNIRS models due to the requirements of more comprehensive sets of soil physical and chemical data that defeat the purpose of VNIR spectral libraries allowing rapid and cheap inferences based solely on scanning of soil samples.
Our VNIRS models in Florida advance toward a more comprehensive SOC spectral model for mineral and organic horizons in sand-dominated soils across large regions, with the potential to reduce costs in the preparation and analysis of soils. Th is can facilitate monitoring of soil C and other properties under climate and land use change, with direct implications for soil and environmental quality, assessment of soil ecosystem services, and regional modeling of C dynamics, and indirect implications for the establishment of soil C policies involving land management, C crediting, and other regulations.
